Abstract: The employment effects of training programs for the unemployed are frequently studied, but little is known about the number, the characteristics, and the labor market prospects of those who drop out of these programs. The aim of this paper is to contribute to filling this gap. Using German administrative data it turns out that one out of five participants of further training programs drops out of the program. Descriptive analysis suggests that the head start dropouts have with regard to employment vanishes over time. To estimate the medium-and long-term effects of dropout a bivariate dynamic random effects probit model taking into account state dependence and selection on unobservables is used. The model is estimated with Markov Chain Monte Carlo (MCMC) methods. Results suggest that dropping out of the program has on average no or very small effects on the long-run employment prospects of dropouts.
Introduction
Training programs represent an important part of active labor market policies in many countries and researchers have shown strong interest in analyzing the labor market effects of these programs.
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But little is known about the number, the characteristics, and the labor market prospects of those who drop out of these programs. This is surprising as it turns out that dropouts represent a considerable group of participants: in Germany one out of five participants drops out of the program.
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Dropouts will have a head start on the labor market, because they may already be employed while the other participants are still attending the program. But how about the medium-term and long-term effects of dropout: does it harm to drop out in the long run?
From a policy perspective knowledge about the occurrence and the labor market prospects of dropouts may be important, as institutional settings like benefits during program participation and sanctions may influence the number of those who drop out. Furthermore, studying the labor market prospects of dropouts may provide further insights in understanding the composition of average treatment effects estimated in the literature on training programs. There exists a literature for the US on dropouts of labor market programs in experimental situations (see for example Heckman, Smith and Taber (1998) ). Furthermore, the threat effect of being assigned to a labor market program but not participating has been studied (see for example Rosholm and Svarer (2008) ).
For the first time this paper sheds light on dropouts from training programs in western countries in a non-experimental setting.
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Studying the effect of dropout requires to overcome two main obstacles. First, data allowing to identify which participants drop out of the program is needed. I propose a strategy to identify dropouts of fur-ther training programs using German administrative data which can be applied after having corrected measurement error in the registered end of participation. Second, to estimate the effect of dropping out versus completing the program it seems necessary to take into account observable and unobservable differences between dropouts and non-dropouts as well as state dependence and duration dependence. I estimate the medium-term to long-term effect of dropout using a bivariate dynamic random effects probit model. The model is identified by the timing-of-events and through functional form assumptions. It consists of a dropout equation and an employment equation. Both equations include an unobserved individual effect and these two random effects are allowed to be correlated. The two equations are estimated simultaneously using Markov Chain Monte Carlo (MCMC) methods, a technique from Bayesian statistics. I program a Gibbs sampling algorithm to simulate draws from the posterior distribution of the parameters. This approach provides information on all parameters of the model, including information on the unobserved individual specific effects. To get an estimate for the size of the dropout effect, I calculate average partial effects on the treated which account for the selection based on unobservables. This is possible because of the availability of the predictors of the unobserved individual specific effects from the MCMC estimation.
Usually, evaluation studies on the employment effects of training programs consider the start of a program as the treatment (possibly with the restriction that it has been attended for some weeks) and do not deal with the actual length of participation or the question if the program has been completed.
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Exceptions are Kluve et al. (2007) who estimate the employment effect of variations in the length of German training programs, and Flores-Lagunes et. al (2007) who estimate earnings effects of the length of US training programs. Both papers use a matching strategy adapted to continuous treatment decisions. Fitzenberger et al. (2009) include the duration of participation in their model allowing for the end of participation to be endogenous. By contrast, the focus of this paper is on the difference between dropping out and completing the measure. Consider a sample of individuals who all experience a transition from employment to unemployment and who all start a training program.
While they are in the program they decide in each period to continue or to drop out.
Those who decide to drop out differ -from this period onwards -from the others by having experienced a dropout while the others will eventually have completed a program. So in the notion of the evaluation literature dropout would be the treatment.
There are various reasons for dropout: an important one is that the individual is 5 Biewen et al. (2007) for example consider program participation in medium-term further training programs if it has lasted for at least four weeks and consider shorter spells as no treatment.
lucky to receive a job offer and decides to drop out and start employment. Other examples for why some people drop out and others do not are different ex-ante information on the programs and dropout if expectations are not met, personal dislike of the teacher or classmates, temporarily higher opportunity costs (for example due to a work opportunity on the black market), changes in preferences, lack of endurance in relation to training or differences in individual discounting of the future.
There may be a specific effect on employment of dropping out versus completing a program which may be different from the effect of attending programs of different lengths. In addition to attending the program for less time, dropping out might involve missing parts of the curriculum, not obtaining a certificate, and a signal to potential employers. If, for example, the curriculum of a course covers all essential tasks of a profession one after the other, it might be less valuable to attend half of this course than attending a complete course which is of shorter planned length and more condensed. Obtaining a certificate might in particular be valuable for courses leading to officially recognized professional degrees. Also, a future potential employer might judge a dropout as a negative signal of endurance. On the other hand it is possible that attending a program for some time is enough to get the benefit out of it. This would for example be the case if program effects are due to an activation of the unemployed or an improved orientation of the individuals in which kind of job they might succeed. Furthermore, participants might even use the possibility to drop out for staying in the program only until the right moment (with regard to their skills or the economic situation) arrives to start searching for a job or until they receive a job offer which is a very good match. Thus, participants who follow this strategy might benefit from it as opposed to waiting until the planned end of the program and then starting to look for jobs.
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To sum up, dropout may involve a negative, positive or zero effect on employment prospects.
The remainder of this paper is structured as follows: section two introduces the data, defines the evaluation sample and discusses how dropouts can be identified.
Section three includes a descriptive analysis of the occurrence of dropouts and their employment prospects. Section four discusses the econometric model used to estimate the medium-and long-term effect of dropout, describes the estimation strategy and presents the results. Section five concludes.
6 See Becker (2005) for a theoretical model which formalizes such a strategy.
Identification of Dropouts of Further Training Programs in the IEBS

The Integrated Employment Biographies Sample
The Integrated Employment Biographies Sample (IEBS) consists of a 2.2% random sample of individuals drawn from the universe of data records collected in four different administrative processes: the IAB Employment History (Beschäftigten-Historik), the IAB Benefit Recipient History (Leistungsempfänger-Historik), the Data on Job Search Originating from the Applicants Pool Database (Bewerberangebot), and the Participants-in-measures Data (Massnahme-Teilnehmer-Gesamtdatenbank).
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The data contain detailed daily information on employment subject to social security contributions, receipt of transfer payments during unemployment, job search, and participation in different programs of active labor market policy (ALMP). To be specific, this study uses a draw of the administrative data which is called IEB, Version 4.02.
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The first of the four administrative data sources included in the IEBS, the IAB Employment History, consists of social insurance register data for employees subject to contributions to the public social security system. It covers the time period from 1990 to 2004. The main feature of these data is detailed daily information on the employment status of each recorded individual. For each employment spell, in addition to start and end dates, data from the Employment History contains information on personal as well as job characteristics such as wage, industry or occupation. In this study this information is used to account for the labor market history of individuals as well as to measure employment outcomes. The IAB Benefit Recipient History, the second data source, includes daily spells of unemployment benefit, un-7 For detailed information on the IEBS see Zimmermann et al. (2007) . Information in English can be found on the website of the Research Data Center (FDZ) of the Federal Employment Office (BA) (http://fdz.iab.de/en). The website also describes the conditions under which researchers may use the IEBS and the process to get the permission.
8 The specific version used here is described in IEB Benutzerhandbuch Version V4. 02, 16.01.2006 and attendant documents, not published. This version includes some variables which are not in the standard version. The names of the additional variables I considered for this study are the following (some of them turned out to be irrelevant for the estimations) : Familienstand, FbW Abmeldedatum, Geburtsjahr juengstes Kind, Geplante Massnahmendauer, Gesundheitliche Einschraenkungen, Kapazitaet Teilnehmer FbW, Massnahmeerfolg, Massnahme -Lernort, Massnahmetraeger, Massnahmeziel -Prüfungsart, Rehabilitationsmassnahme, Zugangsgrund. employment assistance and subsistence allowance payments the individuals received between January 1990 and June 2005. In addition to the sort of the payment and the start and end dates of periods of transfer receipt the spells contain further information like sanctions, periods of disqualification from benefit receipt and personal characteristics. These data are mainly used to get additional information on the labor market history of these individuals.
The third data source included in the IEBS is the so-called Data on Job Search
Originating from the Applicants Pool Database, which contains rich information on individuals searching for jobs covering the period from January 1997 to June 2005. The spells include detailed information concerning job search, regional information, and personal characteristics. This information is used to control for individual characteristics of the participants in the estimations. The Participants-in-measures Data, the fourth data source, contains diverse information on participation in public sector sponsored labor market programs, for example training programs, job-creation measures or integration subsidies. It covers the period from January 2000 to July 2005.
Similar to the other sources, also these data come in the form of spells indicating the start and end dates at the daily level. Information for example on the type of the program and the planned end date are added. This data source is necessary to identify participation and to gain information on the program attended.
Sample and Further Training Programs
The focus of this study is on participation in public sector sponsored further training programs starting in between July 2000 and December 2001. Further training programs are defined in this paper as those measures that train professional skills and have a typical duration of several months up to two years. This includes all programs called FbW -Foerderung der beruflichen Weiterbildung in the IEBS and under the legislation except those called orientation measure, because with regard to length and content they have more in common with short-term training, a different part of German active labor market policies, than with further training programs.
Because further training programs differ in how they are organized and with regard to the certificate the participant may obtain, I distinguish three groups of further training programs: general further training, practical training, and retraining. General further training teaches specific professional skills, mostly in class room. A typical example would be IT-based accounting. Participants may obtain a certificate by the school or by a professional organization. The programs subsumed under practical training take place in a training firm or include an internship in a firm, and their duration is typically a bit shorter. Retraining is, with a typical length of two years, the longest program and participants are trained in a profession which differs from the one they originally learned. In the end they may obtain a new professional degree within the German apprenticeship system.
To study the core group of participants in further training, the sample is based on programs started within the first year of an unemployment period as the first intensive active labor market program. Only individuals who experienced an inflow from continuous employment into unemployment within the year before program start are considered. Entering unemployment is defined as quitting regular (not marginal), non-subsidized employment of at least three months and subsequently being in contact with the labor agency (not necessarily immediately), either through benefit receipt, program participation, or a job search spell.
9
In order to exclude individuals eligible for specific labor market programs for young people and individuals eligible for early retirement schemes, only persons aged between 25 and 53 years at the beginning of their unemployment spell are considered. Men and women living in East and in West Germany are included.
Identification of Dropouts in the Data
Dropping out of a program is defined as having started a program but not completing the program, but instead quitting it before the planned end is reached. The IEBS includes a variable for the start of the program, the end of participation and the initially planned end of the program. If the data indicate that a program has been started the question is if the program has been attended (almost) as long as initially planned (planned end date) or considerably shorter. The planned length of the program is defined here as the date of the planned end minus the date of the start of the program. It is necessary to set cut-off points for the distinction of dropout and completion as well as the distinction of realized attendance and non-attendance. In this paper, program attendance is categorized as dropout as opposed to completion if the program has been attended less than 80% of the planned length.
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9 Note that this implies that the same individual could appear in the sample more than once, if he or she had more than one valid unemployment spell and attended both times a further training program. This does not happen in the sample used for this study. If attendance in the data is less than four days (and in the rare cases in which the variable success of the program (Massnahmeerfolg) indicates not attended ) this is not counted as program participation for two reasons: first, dropout is understood here as having attended at least a few days and then dropping out and not as having rejected to attend a program right from the start. Second, extremely short program spells in the data may indicate in some cases that the program has not been attended at all but the registration was withdrawn too late and this was not corrected in the data. So one might count some cases as dropouts that never attended if too short spells are counted as participation. Therefore program spells which are shorter than four days do not lead to the inclusion of the individual into the sample of analysis (which is based on participants as described in section 2.2). As mentioned before, to distinguish between dropout and complete attendance, participation of 80% of the planned length is chosen. Choosing a higher limit, one would risk misclassifying participants as dropouts if the whole course ends a bit earlier than planned at the beginning. This may happen especially for two-year programs, particularly if they end with an external exam the date of which is not fixed when the program starts.
The data reflects this -at around 90% percent of planned duration the number of finishing attendances rises. Apart from identification issues, one could argue that attending a very high percentage of the planned duration is more like full attendance than like a dropout.
For the identification of dropouts the reliability of the end date of participation as well as the planned end date are of utmost importance. But there is some measurement error in the end dates of participation in further training programs in the IEBS, see Waller (2008) . This means it happens that a person quits a program but the end of participation in the data is nevertheless equal to the planned end date.
To correctly identify dropouts it is necessary to correct these wrong end dates, otherwise far too few participants would be identified as dropouts. In this study the correction procedure proposed in Waller (2008) is used. It relies mainly on the information on subsistence allowance (a transfer payment made to the participants of further training programs for the time of their participation) of the IAB Benefit Recipient History, which is considered very reliable. In addition, the correction procedure in some cases uses certain contradictions with employment spells of the IAB Employment History as well as some further pieces of information from the data.
The planned end date of further training programs seems to be reliable in indicating until when program participation was first planned. For 7.7% of the relevant prowas ill in between two program spells, but this turned out to be empirically irrelevant.
grams, the planned end date is earlier than the end date of participation. This is not necessarily measurement error -it is possible that a participant attends longer than originally planned. If the difference only amounts to a few days this is very likely to be correct, because the end of the courses can change a bit after program start. For 3.2% of the programs this difference is more than 7 days. In these cases, it may be that the participant attended for a considerably longer time period than plannedin particular if the program is not a group course but an individual program -but there might also be a problem. Thus, for the total of 3.4% of the programs for which there is an indication that the reported planned end dates should not be used as the only source for the classification, the two variables success of the program and duration of the course in months are additionally used to decide if the participation spell is classified as a dropout or not. These variables have a lot of missings and are error-prone, but -used with caution and only in addition to the planned end date -they can help to decide for the major part of the 116 programs requiring further information for classification. In the end, only for 30 (0.88%) of the programs in focus it seems impossible to classify them and these cannot be used for the analysis.
The identification strategy used in this paper has been subjected to various sensitivity checks. There is no indication of systematic problems.
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As an alternative way to identify dropouts one might think of using the variable success of the program which may not only indicate non-attendance but also successful completion or dropout. Taken the information literally, one could use this variable to classify participants into dropouts and non-dropouts. But there are at least three problems in doing so: Firstly, the variable is missing or not available for 14% of relevant program spells. Secondly, it is not clear how dropout is defined in the variable and under which circumstances a dropout is registered. Thirdly, the variable suffers from severe measurement error: 49% of those classified as dropouts in this paper are coded as having completed with success. For these reasons, I prefer the strategy outlined above.
11 In particular it may be ruled out that participants classified as dropouts in fact attended a program which was shifted to an earlier time. This hypothesis has been checked first by using the information on allowance payments to check if participants have in fact started their program the day of the indicated start date: deviations are not more frequent for those classified as dropouts than for non-dropouts. A second check was to compare those who participated shortly after becoming unemployed (for whom it is impossible that the program was shifted to an earlier start date and the start date reported in the data was not changed) with later participants, in particular with regard to the planned length of their programs and the timing of drop-out.
Descriptive Analysis
Occurrence of Dropout
When applying the above definition of dropout to the data, it turns out that 21% of the programs end with a dropout. The share of those who drop out differs with respect to the program type. Table 1 shows that the share of dropouts is lowest for general professional training and a bit higher for the very long retraining programs. After dropout, the individuals either start employment immediately or they stay in non-employment for some time. The first is called job-aligned dropout in the following and the latter non-job-aligned dropout. Job-aligned dropout occurs either because participants receive a job offer and drop out due to this job offer, or because participants drop out for other reasons but start a job (which may have been available to them before but which they did not consider). On the contrary, in the case of non-job-aligned dropout participants drop out and do not start employment (subject to social security). They prefer non-employment without attending a training program to attending a training program. The law encourages participants who receive a job offer to drop out. The general rule of the German ALMP is to give priority to placement over active labor market measures. An exception is possible if the measure is necessary for a durable placement (SGB III, § 4, § 5). But it is not clear under which circumstances it is preferable to encourage participants to continue. To see the relative importance of both types of dropout, I use the information if the participant starts employment within one month after dropout to decide whether it is a job-aligned dropout or not. According to this proxy, 45% of the dropouts experience a job-aligned dropout. Alternatively, one could use the variable success of the program which has potentially correct information for 38% of the dropouts.
Out of these, 48% are recorded to drop out due to a job offer (this information does not seem to be missing at random). Both measures indicate that a bit less than half of the dropouts experience a job-aligned dropout.
To find out which characteristics of the program and of the participants are related to dropout, a cross-sectional probit model is estimated. For the specification search variables picturing the following characteristics are considered: personal characteristics (like gender, age, nationality, occupational qualification, degree of schooling, current health problems, past health problems, disabilities, past incapacities, children), information on the last employment (occupation in last job, last job part-time, last job as a blue-collar worker, reason for the end of the last employment, last wage), regional information (labor market situation in the region, West or East Germany), information on the individual labor market history (elapsed length of unemployment period, quarter of beginning of unemployment, information on lack of motivation related to labor agency activities in the past, information on participation in programs with social assistance in the past, sanctions in the past (also interacted with number of days with transfer payments), number of days in different labor market status (unemployment benefit, unemployment assistance, program participation, out of labor market, employment) in the last three years before the start of unemployment) and information on the program (planned length of the program, capacity of the program, information on institution offering the program, the sort of the certificate the program leads to). All the above-mentioned variables have been considered, but the vast majority of them turned out not to be relevant. Table 4 in Appendix A shows the average partial effects and standard errors of a specification which includes the variables that seem to have some relevance. No schooling degree or a low schooling degree is related to a higher probability of dropout for participants of general professional training and retraining. The effects are large -for general professional training the average partial effect of having no schooling degree is 16.3%, for retraining it is 20.2%. For participants of practical training, who on average have lower education than participants of the other programs, there are no significant effects of schooling. Having experienced a sanction in the past is related to a higher probability of dropout (but this effect is not significant) as well as signs for a lack of motivation with respect to labor agency activities (significant for general professional training and retraining). With regard to practical training women and people living in East Germany are less likely to drop out, which for the latter group is also true for retraining. There is slight evidence that younger people as well as those who live alone are more likely to drop out. For retraining the effect of living alone is large (13%) and highly significant. Having a child under the age of ten is related to a strongly increased dropout probability for men taking retraining.
A longer planned duration of the program increases the probability of dropout (not significant for retraining) as well as having participated in a training program in the past (not significant for general professional training). An increased probability of dropout is also observed for those who have experienced unemployment in the last three years before the current unemployment period (significant only for general professional training).
Employment Rates and Employment Stability
In this section the employment prospects of dropouts as compared to participants who do not drop out of the program are studied descriptively.
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The analysis is based on a panel data set in months which follows the participants from the month they start the program (t=1) until 39 months later (t=40). There is some censoring due to the end of the observation period, but every individual may be followed at least for 37 months.
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The analysis of differences in employment chances between 12 When considering to analyze wage differences between dropouts and non-dropouts, I found that this is not a meaningful exercise, because differences in the annual wage are very largely driven by the number of days in employment. This is due to the fact that the majority of person-months in the sample of those who received further training within the last years indicate non-employment.
dropouts and non-dropouts should start at the time participants leave the program, because before that point in time all individuals experience a transition from employment to unemployment, start a further training program and they are all in non-employment while attending the program. This will be implemented when estimating the econometric model in the next section. But nevertheless the time axis of the figures (and later the time dummies in the econometric model) is aligned to the planned end of the program. In principle there are three options for the alignment:
The first option is to align the time axis to the start of the programs. Dropouts leave the program earlier than non-dropouts, and as many of them take up a job, dropouts have a head start as compared to non-dropouts. While the program is still running, the employment rate of non-dropouts is zero but the employment rate of dropouts is positive, so the employment effect of dropout will be positive until the end of the program. Dropouts reduce the lock-in effect of a training program and the positive employment effects resulting from this should not be neglected when comparing employment rates of dropouts and non-dropouts. Aligning the comparison of employment rates to the start of the programs has the advantage to make the head start of dropouts visible, but if dropouts attend shorter or longer programs, the effect of this may not be distinguished from the effect of the head start. Second, if one aligned the time axis to the realized end of participation, there would be a jump in time due to dropout, because dropouts "shorten" the program. Thus, aligning the analysis to the realized end, the head start of dropouts would not be visible. The third option is an alignment to the planned end of the programs. Since this makes the head start of dropouts visible and avoids a mixture of the effect of dropout and the effect of the planned length of the program, this alignment is applied in the following. Figure 1 shows the head start of dropouts: for example four months before the planned end of their programs, 30%
of them are employed while (per definition) none of the non-dropouts is employed.
The employment rate of non-dropouts begins to rise slightly two months before the planned end (remember that non-dropout is defined as attending at least 80% of the planned duration) and rises sharply in the month of the planned end and the following months. 14 months after the planned end the head start of dropouts has vanished and employment rates of dropouts and non-dropouts are equal. In the end of the observation period dropouts do a little bit better, but it is not clear if this is significant. 14 The figure on the left hand side suggests that in 14 The realized end of participation differs between individuals relative to the planned end, there-the long run job-aligned dropouts do a bit worse than those participants who start a job right after completing the program. According to the figure on the right hand side the employment rate of non-job-aligned dropouts is in the long run a little lower compared to the rate of those who complete but do not directly start employment after leaving the program. Note that figure 2 is not inconsistent with figure 1, because the share of those who are employed in the month after the programs is higher for dropouts than for non-dropouts. In sum, the descriptive analysis gives the impression that dropouts enter employment earlier but non-dropouts catch up after some time, and that employment of nondropouts is slightly more stable. But from the descriptive analysis we can of course not infer if there exists a negative or positive effect of dropout, because the treatment dropout is not randomized, there will be selection based on observable variables and unobservables. Even the direction of selectivity is not clear ex ante. On the one hand fore there is no month with an employment rate of 100%.
it may be that those participants who drop out are on average those with better employment chances or a higher motivation for employment (for example having a high utility of earning a salary in the short run). Possible reasons for an increased dropout rate among them may be that they are more likely to receive a job offer, more likely to drop out due to a job offer or more likely to conclude that they do not need the program and prefer to intensify job search instead of attending the program. On the other hand it may be that those participants with characteristics which deteriorate employment prospects (like low schooling, low general ability or a low motivation for work) tend to drop out, because they find it also hard to complete the program. The nature of selectivity may also be more complex and, thus, positive and negative characteristics with respect to employment chances may partly cancel out even on the individual level: the results of the probit estimation in section 3.2 suggest for example a negative correlation between schooling and dropout and a positive correlation between having to support a family (proxied by men who have a child under the age of ten) and dropout for participants of retraining programs.
Joint Estimation of Dropout and Employment:
Does Dropout Harm in the Long Run?
The Model
The descriptive analysis in the previous section suggests that dropouts enter employment earlier but non-dropouts catch up after some time. But purely descriptive analysis does not provide insights if this is an effect of dropping out. Therefore, in this section I use a bivariate dynamic random effects probit model to jointly estimate the dropout probability and the employment probability taking into account unobserved heterogeneity. To see how this may account for various differences of dropouts and non-dropouts which are potentially included in a simple comparison of employment rates like in section 3.2, start by considering this purely descriptive difference of average employment rates. Now, first think of estimating a simple pooled probit of an employment dummy on observable variables for the periods in which participants have finished program participation. The variable of interest would be a dummy if the individual has dropped out of the program in the past. Compared to purely descriptive analysis this will account for differences between dropouts and non-dropouts due to observables like schooling, age, last occupation, different labor market histories or the planned length of the program. It may also take into account time, season, and labor market conditions in the region. The estimation will also deal with state dependence. While in the descriptive analysis the initial luck of a job-aligned dropout will still influence the employment status a few months later if state dependence exists, the dynamic model will account for this. When estimating the effect of dropout in the past, the luck the dropout had in the past to receive a job offer will not influence the estimates in later periods. Second consider estimating a dynamic random effects probit model of an employment dummy. This will in addition include a time-constant unobserved heterogeneity term and thus account for time-constant differences of individuals' propensity to be employed. Thus, estimating a separate dynamic random effects probit model of an employment dummy will already take out much of the differences between dropouts and non-dropouts.
But dropout may still be endogenous in the way that it is correlated with the error of the employment equation due to some dependence of unobserved dropout propensity and unobserved employment propensity. This problem is accounted for by introducing a dropout equation and estimating it simultaneously with the employment equation. In the following, firstly the model is presented and then the model assumptions are discussed.
The dropout equation is a random effects probit model of a dropout dummy: 
where
α (i,E) and α (i,D) follow a joint normal distribution. (it,E) and (it,D) are independently standard normal distributed. Thus, the model includes two individual effects which are allowed to be correlated and represent the link between the two equations.
The employment equation is estimated once the individuals are again available for employment (which is in the month after they have left the program) until month 40 counted from program start onwards. On average the employment status is estimated for 32.2 periods for general professional training, for 23.9 periods for retraining and for 34.2 periods for practical training. The equation accounts for state dependence and duration dependence by including all employment lags (they are set to zero also for periods in which the individual has not reached a period in which the lag may take a one), elapsed unemployment or employment duration in months since the end of participation (also squared), planned length of the program, and information on the employment history before program participation.
By using separate variables for the elapsed duration in unemployment, if applicable, and the elapsed duration in employment, if applicable, the model allows for different non-linear patterns of duration dependence in employment or unemployment, respectively. Observables like for example schooling, professional qualification, gender, health problems, region, wage in last employment, year and season are added.
Dummies capture the alignment to the planned end of the program; they indicate if the current period lies before the planned end or in which month after the planned end, respectively, whereby later months are summarized. The effect of interest is the medium and long run effect of dropout. This is captured by a dummy variable called dropout in past indicating that the individual has dropped out in the past and has now reached at least month four after the planned end of the program.
The model also includes a dummy for dropout in the last period and for dropout which has occurred in the past given that the person has not reached month four after the planned end. The model does not provide causal estimates for the shortterm effects of dropout. If participants drop out because they were lucky to receive a job offer, it,D of the last period in which the dropout equation is estimated and it,E of the first period the employment equation is estimated are correlated. The short-term effect of dropout is, in a way, the other side of the coin of the lock-in effect usually found when evaluating employment effects of training programs. It has to be either positive or zero. From the descriptive analysis in section 3.2 we know that many dropouts are employed soon after dropout while non-dropouts are by definition not employed while they are locked in the program. Thus, there is certainly a positive short-term effect of dropout, but it is not possible to infer to which extent this is a causal effect of dropout, i.e. what would be the size of the short-term effect of dropout if dropout was a randomized treatment. The mediumterm and long-term effect of dropout may be estimated, because the model allows for state dependence and duration dependence and, thus, the initial luck which may have influenced the decision to drop out may be accounted for in later periods.
The model estimated in this paper shares important features with the timing-ofevents approach proposed by Abbring and van den Berg (2003) in the context of continuous duration models. The model of Abbring and van den Berg (2003) and the model in the present paper both consist of two equations: one relating to the treatment and one to the outcome of interest. Both models allow for duration dependence and for unobserved heterogeneity terms in both equations which are allowed to be dependent. Abbring and van den Berg (2003) show that in their model and under the assumptions they make (mainly conditional randomness of treatment starts, a no-anticipation assumption and functional form assumptions) the treatment effect may be separated from the selection effect. The unobserved heterogeneity term of the outcome equation is identified from the competing risk part of the model and the treatment effect is then identified from differences in hazard rates (Abbring and van den Berg (2003) ). The present model also uses the timing-of-events and relies in addition on functional form assumptions. Apart from a different model specification and from using discrete data, the present model differs in two main aspects from the model by Abbring and van den Berg (2003) . First, the employment equation only kicks in if the individual has left the program: this is because there is no third state (like employment in the model of Abbring and van den Berg (2003)) involved at the beginning. Starting employment before having reached the planned end of the program necessarily involves the treatment dropout. Second, the period close to the one the treatment occurs must not be used for identification, because soon after dropout individuals may be employed because they were lucky to receive a job offer due to which they choose the treatment dropout. Thus, the outcome soon after the treatment is linked to the treatment due to other factors in addition to a possible causal effect of treatment. In the discrete model this endogeneity problem may be solved for later periods by accounting for state dependence and duration dependence and by relying on the functional form of the model.
To estimate a causal effect of past dropout, some exogenous variation in the decision to drop out as well as the functional form assumptions of the model (including the assumption that the random effects are uncorrelated with observed variables) are needed. The timing of the model is the following: in the first period all individuals start a program. In each of the following periods participants decide to continue to attend or to drop out. In the sense of the literature on treatment effects, dropout would be the treatment. From the month after the individual has left the program onwards, the employment status is estimated taking into account the time-constant unobserved propensity to employment, the estimation of which takes into account the time-constant unobserved propensity to drop out through the correlation of the two random effects, both being estimated simultaneously. For identification it is necessary that there is exogenous variation that influences the dropout decision. By exogenous I mean factors that do not directly influence longterm employment prospects conditional on observed and time-constant unobserved characteristics. Exogenous factors may for example be randomness in expectations between participants due to different information and dropout if expectations are not met, personal dislike of the teacher or classmates, temporarily higher opportunity costs (for example due to a work opportunity on the black market), changes in preferences, lack of endurance in relation to training or differences in individual discounting of the future. Factors leading to dropout which are not captured by observed or unobserved variables of the model and which have a direct long-term effect on employment (not only through state dependence) would violate the model assumptions. This means that dropout due to the luck of receiving a job offer does not violate the model assumptions, because lagged employment is endogenized in the dynamic model. If, however, the dropout occurred only because by pure luck a job with a long-term contract is offered this would violate the model assumptions because the sort of contract may not be controlled for. Similarly dropout to nonemployment due to factors that do influence the long-time employment prospects and which neither can be controlled for nor are time-constant (one example would be a pregnancy) would bias the estimated effect of past dropout. These two examples show that biases may go into both directions, and if biases exist they might to some extent cancel out. As there is no instrument for dropout available, I think estimating the bivariate dynamic model is all that can be done to identify the effect of dropout. Anticipation of dropout is not a problem in this model because dropout to take up employment involves per definition dropout and employment, and dropout to leisure involves per definition dropout and non-employment -there is no third state involved. Dropout reflecting a strategy of participants to choose the optimal time to leave the program (considering to drop out in case the right job is offered or the economic situation in the region is favorable) would be an effect of dropout and does not violate the model assumptions.
MCMC Estimation
To estimate the bivariate model presented in the previous section complex estimation techniques are needed. In principle the estimation could be done by maximum likelihood, but as the individual specific effects α it,D and α it,E are not observed one would have to integrate them out and simulate the multivariate normal integrals.
I made an attempt to estimate the model using GLLAMM (a Stata routine for multilevel models), but this turned out to be far too time-consuming. Even the estimation of a much simplified one factor model ran too long to be practically applicable. But with Markov Chain Monte Carlo (MCMC) simulation methods, a technique from Bayesian statistics, an attractive alternative to maximum likelihood is available.
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The idea of MCMC methods is to obtain a large sample from the posterior distribution of the parameters. From a classical perspective, the mean of the posterior distribution converges to the maximum of the likelihood function and the variance of the posterior distribution converges to the asymptotic variance of an ML estimation. Thus, the standard deviation of the draws may be interpreted as standard errors from the classical perspective (Train, 2003) . To obtain the sample from the posterior distribution I use a Gibbs sampler, which works by forming blocks of the model parameters and then drawing in turn from the conditional distributions of the blocks of parameters. The resulting sequence is a Markov Chain and after convergence the draws are samples from the desired posterior distribution. The key idea for the estimation of probit models is to estimate the latent variables as one step of the simulation (Albert and Chib, 1993) . A similar strategy is used for the random effects (Zeger and Karim, 1991) . Odejar (2002) It is an important advantage of the MCMC estimation that it provides information on all parameters of the model including information on the unobserved individual specific effects α i,D and α i,E . This information is needed to calculate average partial effects on the treated. To calculate these effects it is a natural solution to get an estimate of the average treatment effect on the treated which takes into account the selection on unobservables. To get these effects I developed the following strategy:
for every tenth iteration of the MCMC estimation I calculate the partial effect for all person-periods in which the variable dropout in past takes a one. This strategy uses the β E and δ E vector of the respective iteration and the predictor of the α i,E of the respective iteration together with the x it,E of the person-period. Averaging this effect over the person-periods gives a draw of the posterior distribution of the average partial effect of dropout in the past. The resulting 1,500 draws may then be used to describe the posterior distribution of the average partial effect of dropout for those who have dropped out in the past. This distribution may be described by giving the mean and the standard deviation, so information on statistical significance is readily available and there is no need to calculate standard errors (for instance using the delta method) as for classical estimators. Table 5 in Appendix A shows the results of the MCMC estimation. The posterior distributions of the parameters are summarized by means and standard deviations.
Results
First consider the variance parameters. An important part of the variance of both equations is on the individual level: in between 34% and 44% for the employment equation and in between 37% and 39% for the dropout equation. The correlation between the two random effects is relatively strong (36.9%) and significant for general professional training. A positive correlation suggests that those who have a higher propensity to be employed have also a higher propensity to drop out. For retraining, the correlation is also positive (27.9%), but insignificant. For practical training the estimation suggests a negative (-16.8%) and insignificant correlation. A negative correlation indicates that those unobserved characteristics that make a dropout more likely also decrease the employment probability. In theory both positive and negative correlations seem plausible. For the latter one could for instance think of general motivation of career improvement captured in the individual effect. It is plausible that someone who has a high motivation to study and work hard may be less likely to drop out of an offered training program and in general more likely to be employed.
For a negative correlation one could also think of someone who has problems to comply with social norms and rules, such a person would have an increased risk to drop out of the program and also be less likely to succeed in finding employment or keeping a job in the long run. With respect to a positive correlation one could think of a high utility of earning money in the short run captured in the individual effect.
Someone who is keen on earning a salary in the short run, for instance because of high discounting of the future or because he is the only earner in a family, is on the one hand likely to drop out of the program if he has chances to find some job. On the other hand, he will put a lot of effort in finding a job and not becoming unemployed again. A positive correlation between the random effects is also likely if participants with high ability find that the level of the programs is too low for them and thus tend to drop out.
The parameter of interest is the effect of the variable dropout in past. This dummy takes a one if the person experienced a dropout in the past and the current time period lies at least four months after the planned end of the program. The means of the posterior distribution (see table 5 in Appendix A and also the bottom line in table 2) suggest a negative effect of dropout in past for general professional training and for retraining. For practical training the effect is positive, but all three effects are insignificant on the 5% level. To estimate the size of the effect, I calculate average partial effects on the treated using the strategy described at the end of the previous section. As described above this strategy takes into account the selection based on unobservables by including the predictors of the α E . The first line in table 2 depicts the results. They suggest that in the medium and long run dropout decreases employment chances of those who actually have dropped out only by 1.8 percentage points for general professional training and 3.1 percentage points for retraining. The effect of dropout is +2.2 percentage points for practical training. These effects are small compared to the effects of program participation (see for example Fitzenberger et al. (2009) ). All three effects are insignificant, even on a 10% level. Thus the hypothesis that dropping out has no long run effect on dropouts can not be rejected. The small and insignificant effects of dropout in the past might hide effect heterogeneity in several dimensions. It might be that dropout has a positive long-term effect for those who drop out with a job perspective and a negative effect for non-jobaligned dropouts, and these effects might have canceled out in the estimation. Also, dropout in the past may have a different effect on finding employment as on staying in employment. The descriptive analysis suggests a lower job stability for dropouts.
Also, the interaction of these two dimensions might be relevant.
17 Table 6 in Appendix A shows the results when separating the effect of dropout in past between job-aligned and non-job-aligned dropout. Job-aligned dropouts are those who are employed in the first month after dropout, which is also the first period estimated in the employment equation. Dropping out job-aligned versus non-job-aligned may be interpreted as two different treatments. The distinction is endogenous in the model. Furthermore, the dropout effect is separated with respect to those who are employed in the last period and those who are not employed in the last period (effect on finding a job or keeping a job). Table 3 gives the average partial effect on the treated (calculated as above). Note that the estimated partial effect of job-aligned dropout is the effect of a dropout in the past and employment in the first month after leaving the program versus completing and being employed in the first month, and the analogous for non-job-aligned dropout.
With regard to general professional training all effects are again very small and negative. The negative effect of a job-aligned dropout on job stability is significant tion also suggest only insignificant effects of the dummy dropout in past. 17 Additional estimations (not shown in the paper) have shown that effect heterogeneity over time is not relevant. The effect of dropout in the past for example half a year after the planned end is not systematically different for the effect of dropout one year after the planned end of the program. but very small (-1.9%). The effect of a job-aligned dropout on finding a new job is a bit larger (-3%) but insignificant. Thus, there is some slight evidence that dropping out because of a job offer might be a little bit harmful in the long run for dropouts from general professional training. For retraining the effects are a bit less negative than in the less flexible estimation and they are again all insignificant.
Concerning practical training the effects of a non-job-aligned dropout on finding employment is slightly significant but very small (1.2%). There is one effect which is relatively large (though almost insignificant, p-value: 0.09%): the effect of a non- 
Conclusion
This study has shown that dropout is a relevant phenomenon in further training programs for the unemployed and that it occurs job-aligned as well as without a job perspective. One out of five participants drops out of the program. The first objective of this paper was to identify dropouts in the IEBS and to gain knowledge about the occurrence of dropouts -how often and when do people drop out and which characteristics are related to an increased probability of dropout. It is possible to distinguish participants that attend at least 80% of the program from those who drop out if taking into account some particularities and sensitivities of the data.
Practical training is the program type with the highest dropout rate. Less than half of the dropouts take up employment within one month. Results of a probit model estimating the probability to drop out indicate that for instance low schooling, being young and living alone is related to an increased dropout probability. Participants for whom signs of lack of motivation with regard to activities of the labor agency can be identified from the data also face an increased probability to drop out. To study the employment prospects of dropouts I first use purely descriptive analysis.
Comparing employment rates of dropouts and non-dropouts shows that the head start of dropouts decreases over time and 14 months after participants have reached the date of the planned end of the program the employment rates of dropouts and non-dropouts intersect. Survival rates indicate that the first employment of dropouts is a bit less durable than the first employment of those who completed the measure. 
MCMC Estimation Results
N is the number of persons in the data using all person-periods for which the employment equation is to be estimated.
• using all person-periods for which the dropout equation is to be estimated.
• Sample Σ −1 from its conditional posterior distribution
denotes the inverse Wishart distribution.
• Go to Step 1. Always use current values.
